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Abstract 

We describe a DNA-arra y -based method to infer intramolecular connections in a population of RNA molecules in vitro . First we add DNA oligonu- 
cleotide “patches” that perturb the RNA connections, and then we use a microarray containing a complete set of DNA oligonucleotide “probes”
to record where perturbations occur. The pattern of perturbations re v eals couplings between regions of the RNA sequence, from which we infer 
connections as well as their pre v alences in the population, without reference to folding models. We validate this patch–probe method using the 
1058-nucleotide RNA genome of satellite tobacco mosaic virus (STMV), which has been shown to have multiple long-range connections. Our 
results not only indicate long-range connections that agree with previous str uct ures but also re v eal the pre v alence of competing connections. 
Together, these results suggest that multiple str uct ures with different connectivity coexist in solution. Furthermore, we show that the prevalence 
of certain connections changes when pseudouridine, an important component of natural and synthetic RNAs, is substituted for uridine in STMV 

RNA, and that the connectivity of STMV minus strands is qualitatively distinct from that of plus strands. Finally, we use a simplified version of 
the method to validate a predicted 317-nucleotide connection within the 3569-nucleotide RNA genome of bacteriophage MS2. 
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ong sequences of ribonucleotides (RNA molecules contain-
ng a thousand nucleotides or more) not only can carry genetic
nformation, but also can adopt functional structures that
atalyze reactions and regulate cellular pathways. Their sec-
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connections can significantly alter the overall size and shape of
an RNA molecule [ 1–3 ] and the accessibility of its local struc-
tures [ 4 ]. Furthermore, a population of RNA molecules can
have a distribution of competing long-range connections that
might reflect different biologically relevant conformations
[ 5–8 ]. 

While local structures in RNA molecules can be determined
using a variety of methods, determining long-range connec-
tivity and its variations is more challenging. Direct struc-
tural techniques, such as X-ray crystallography [ 9 ] and cryo-
electron microscopy [ 10 ], are not well suited to long and het-
erogeneous RNA molecules. And indirect techniques, such as
traditional chemical probing by SHAPE [ 11 ] and DMS [ 12 ],
measure the conformational flexibility of each nucleotide in
the sequence, which is related to the probability that each nu-
cleotide is connected to another in the sequence but does not
directly reveal the endpoint of the connection or if competing
connections are present [ 13 ]. Thermodynamic folding mod-
els can be used to infer this missing information [ 14–16 ], but
uncertainties in the model parameters affect the accuracy of
detecting long-range connections [ 17 ]. 

Multidimensional probing techniques [ 18–25 ] address
some of these challenges by more directly measuring connec-
tions between nucleotides. These techniques involve perturb-
ing an RNA molecule at specific points and then detecting the
effects of the perturbations elsewhere. For example, mutate-
and-map [ 18 ], one of the earliest multidimensional probing
methods, involves introducing point mutations into the se-
quence and then measuring corresponding changes in the con-
formational flexibility of the other nucleotides by chemical
probing. Alternatively, PAIR-MaP [ 23 ], a more recent method,
uses small molecule chemical probes to both perturb the RNA
structure and detect changes in its flexibility. While these tech-
niques can detect distributions of connections, the range of
connections depends on the sequencing method used to mea-
sure the probing signals, with the upper bound set by the depth
and length of the sequencing reads. 

Proximity ligation techniques [ 26–31 ], such as PARIS [ 27 ],
avoid read-length limitations by covalently linking connected
nucleotides and then detecting the linked segments by se-
quencing. The protocols involve cross-link formation, frag-
mentation, enrichment of the linked fragments, ligation, re-
moval of the cross-links, reverse transcription, PCR ampli-
fication, and high-throughput sequencing, followed by com-
putational analysis of the sequencing data. While some re-
search groups have successfully adopted these protocols, other
groups may not have access to—or expertise in—the required
techniques. Therefore, we aimed to develop a simpler method.

Our method of determining RNA connectivity is based on
DNA probing, a technique in which RNA secondary structure
is inferred from how strongly RNA molecules bind to com-
plementary DNA oligonucleotides [ 32–38 ]. In contrast to the
traditional DNA probing technique, developed over 50 years
ago by Uhlenbeck et al. [ 32 ], we take a multidimensional ap-
proach similar to that described by Kaplinski et al. [ 39 ]. First
we bind DNA oligonucleotide “patches” to specific regions
of the RNA molecule to perturb the intramolecular connec-
tions [ 40 ]. Then we determine whether and where perturba-
tions occur by measuring the binding of the patched RNA
molecules to DNA oligonucleotide “probes” contained on a
microarray [ 41 ]. The exceptional specificity of oligonucleotide
hybridization enables us to perturb the RNA at many points
and read out the perturbations in parallel on a single array,
without covalent modification, reverse transcription, ampli- 
fication, sequencing, or folding models. From the pattern of 
perturbations, we can infer long-range connections and their 
prevalences in a population of long RNA molecules. 

Materials and methods 

Buffers 

Hybridization buffer: 50 mM Tris–HCl, pH 7.0; 1 M NaCl; 
1 mM ethylenediaminetetraacetic acid (EDTA); 0.5% Tween 

20. TE buffer: 10 mM Tris–HCl, pH 7.0; 1 mM EDT A. T AE 

buffer: 40 mM Tris–HCl, pH 8.3; 20 mM acetic acid; 1 mM 

EDTA. Note these buffers do not contain Mg, which is known 

to affect RNA folding. Although our method is compatible 
with Mg, we omit it to be consistent with previous measure- 
ments by Athavale et al. [ 42 ] 

Preparation of fluorescently labeled RNA 

We prepare fluorescently labeled RNA by in vitro transcrip- 
tion, using DNA templates derived from plasmids containing 
the RNA sequences (pSTMV [ 42 ], a gift from Steve Harvey,
University of Pennsylvania; pSTMVm synthesized by Twist 
Bioscience; and pMS27 [ 43 ], a gift from David Peabody, Uni- 
versity of New Mexico). The plasmids contain a T7 promoter 
sequence upstream of the RNA sequence, and a restriction site 
downstream of the RNA sequence. To generate a linear tem- 
plate, we digest the STMV (satellite tobacco mosaic virus)- 
containing plasmid with HindIII (New England Biolabs) and 

the MS2-containing plasmid with SmaI (New England Bio- 
labs). We purify the template by acid phenol–chloroform ex- 
traction and ethanol precipitation, and resuspend the template 
in molecular biology grade water. The sequence of the tem- 
plate is verified by Sanger sequencing (Genewiz). 

We transcribe STMV and MS2 RNA from the linear DNA 

templates using a TranscriptAid T7 High Yield Transcription 

Kit (Thermo Fisher). A small amount of Alexa Fluor 546 

UTP (Thermo Fisher) is added to the transcription reaction 

( Supplementary Table S1 ), such that the final RNA transcripts 
contain roughly one dye per transcript, as measured by UV–
Vis spectrophotometry ( Supplementary Fig. S2 ). To prepare 
STMV RNA containing pseudouridine ( �), we replace the 
nonfluorescent UTP in the transcription reaction with �TP 

(TriLink BioTechnologies). 
Following transcription, we digest the DNA template with 

DNase I (New England Biolabs) and purify the RNA tran- 
scripts using an RNeasy mini kit (Qiagen), eluting in TE buffer.
Then, we wash the RNA five times with additional TE buffer 
using a 0.5-ml 100-kDa centrifugal filter (MilliporeSigma).
The purified transcripts migrate as a single band both in a 
native 1% agarose gel prepared in TAE buffer and in a de- 
naturing 1% agarose gel prepared in TAE buffer with 7 M 

urea, signifying that the transcripts are full-length and not de- 
graded ( Supplementary Fig. S2 ). Finally, we dilute the RNA 

to a concentration of 2 μM and store it at −80 

◦C prior 
to use. 

Sequence of the RNA transcripts 

The sequences of the STMV RNA and MS2 RNA transcripts 
are listed in Supplementary data. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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utomating the experimental design process 

o facilitate the planning and execution of a patch–probe ex-
eriment, we have included a Jupyter Notebook that auto-
ates the experimental design process (Supplementary data).
he user inputs the RNA sequence, patch length, probe length,
nd probe spacing, and the notebook generates a set of patch
ligos and microarray design files. The design files include
equences and ( x , y )-positions for all probe oligos and con-
rols, in a format that is ready for direct submission to Agi-
ent for array fabrication. The output can be adapted for use
ith other microarray manufacturers. See Supplementary data

nd Supplementary Fig. S3 for a description of how the patch
ength and probe spacing affect the number of microarrays re-
uired to map the connectivity of RNA molecules of varying

ength. 

esign of the DNA patches 

e design the DNA patches to be complementary to the
TMV genome and to collectively tile its primary sequence.
e use 44 patch oligonucleotides of length 24 nt that tile

he STMV genome from nucleotides 1 to 1056. The patch se-
uences are listed in Supplementary Table S2 . We also design
 20-nt DNA patch that is complementary to MS2 RNA at
ucleotides 1427–1446 with the following sequence (5 

′ –3 

′ ):
GTTAGAGCTGATCCATTCA . 

esign of the DNA microarray and probes 

he DNA microarrays used in our experiments are man-
factured by Agilent Technologies (Supplier Item G4860A,
urePrint G3 Custom GE 1x1M Microarray). The arrays are
repared on 76 mm × 25 mm glass slides. Each slide contains
74 016 features arranged in a hexagonal grid with 1068 rows
nd 912 columns. Each feature is a circular spot with a nomi-
al diameter of 30 mm in which many identical DNA oligonu-
leotides are tethered by their 3 

′ -ends to the glass surface. Each
ligonucleotide is 60 nt long. 
We design two sets of DNA probes for the microarray: 12-

t probes and 24-nt probes. The 5 

′ -ends of the probes con-
ain either 12 or 24 nt that are complementary to the STMV
enome, and the 3 

′ -ends are poly-T spacers. We design each
et of probes such that the complementary regions cover the
ntire STMV genome: there are 1047 12-nt probes and 1035
4-nt probes. The probes are numbered according to the first
ucleotide in the STMV sequence that they are complemen-
ary to. As examples, the first and last three 12- and 24-nt
robes are shown in Supplementary Table S3 . The complete
ist of probes is given in Supplementary data. 

To perform multiple patch–probe experiments on the mi-
roarray, we divide the array into identical subarrays that
ontain three replicates of each probe. Each subarray has
49 rows and 43 columns, for a total of 6407 spots. Of
hese spots, (3 × 1047 + 3 × 1035 = ) 6246 are assigned to
he 12- and 24-nt probes and their replicates. The remain-
ng spots are assigned to various control oligonucleotides,
ncluding poly-T oligonucleotides, poly-A oligonucleotides,
nd oligonucleotides that are complementary to the start and
nd of the transcript but only partially complementary to
he STMV genome. We position the poly-T and poly-A con-
rols in the corners of the subarray, and assign random po-
itions to the probes and their replicates, as well as the re-
maining controls. Because the nominal spacing between rows
is 0.018 mm and between columns is 0.063 mm, the subar-
rays are roughly square, with a height and width of 2.73 mm
( Supplementary Fig. S4 ). We arrange the subarrays in a square
grid across the microarray. The grid has 21 complete columns
and 7 complete rows, for a total of 147 complete subarrays
( Supplementary Fig. S4 ). The position of every spot and its
corresponding probe sequence are provided as an XML file in
Supplementary data. 

Design of the microarray gasket 

We design a gasket to distribute the RNA samples to different
subarrays. The gasket holds at least 10 μl of sample volume
and covers an area on the microarray that is greater than that
of the subarray . Specifically , the wells cover 3.2 mm × 3.2 mm,
with a separation of 1 mm between wells, and a separation of
0.5 mm from the edge of the array ( Supplementary Fig. S5 ).
A grid of wells consisting of 4 rows and 12 columns could fit
on a single array. 

A negative mold of the gasket is designed using FreeCAD
and printed using a Formlabs Form 3 3D printer. We cast
the gaskets in the negative mold using polydimethylsiloxane
(PDMS). A mixture of 10 parts DOWSIL 184 silicone elas-
tomer base (Dow) and 1 part DOWSIL 184 silicone elastomer
curing agent (Dow) is mixed vigorously, degassed under vac-
uum, and then poured into the mold. We cure the PDMS by
incubating at 65 

◦C overnight. 

Design of the hybridization clamp 

We design a hybridization clamp to hold together the mi-
croarray slide and PDMS gasket ( Supplementary Fig. S6 ). The
clamp is designed using FreeCAD and printed using a Form-
labs Form 2 3D printer. We fasten the clamp with four 1 

′′ -
binder clips (ACCO) ( Supplementary Fig. S7 ). The handles of
the binder clips are removed after assembly. 

Hybridization of the RNA and the DNA patches 

In parallel, we mix the STMV RNA transcripts and each DNA
patch in a 1:1 molar ratio in hybridization buffer such that the
final concentration of RNA (and patch) is 10 nM and the final
volume is 20 μl. We also add 24-nt poly-T DNA oligomers to
a final concentration of roughly 1 μM, which reduces nonspe-
cific binding of the RNA to the surfaces of our sample cham-
ber, but does not significantly change the microarray binding
intensities ( Supplementary Fig. S8 ). Before adding the RNA–
DNA mixtures to the microarray, the mixtures are heated to
90 

◦C and then cooled to 4 

◦C at a rate of −1 

◦C / s. This heat-
ing and cooling procedure breaks up RNA aggregates that can
form during in vitro transcription and also helps drive hy-
bridization of the RNA and the DNA patches. As a control ex-
periment, we perform the hybridization without heating and
cooling, as described in the “RNA-patch hybridization with-
out heating” section. 

To hybridize DNA to MS2 RNA, we mix MS2 RNA and
the DNA patch in a 1:1 molar ratio in hybridization buffer
such that the final concentration of RNA and patch is 100 nM.
Tween 20 (Thermo Fisher) is added to a final concentration of
0.2% to reduce nonspecific binding of the RNA to the surfaces
of the sample chamber. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
http://www.freecadweb.org
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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Hybridization of the RNA and the DNA microarray 

probes 

We add the STMV RNA–DNA mixtures to the microarray us-
ing a custom-built gasket. The gasket is made of PDMS and
contains a 4 × 12 square grid of 48 wells. Each well cov-
ers a 3.2 mm × 3.2 mm square, and the separation between
wells is 1 mm ( Supplementary Fig. S5 ). We load 10 μl of each
RNA–DNA mixture into its own well and place the microar-
ray slide DNA-side down on top of the gasket. At this point
in the experiment, the mixtures are not in contact with the ar-
ray. We then clamp the microarray and gasket together using
a custom-built chamber ( Supplementary Figs S6 and S7 ), in-
vert the chamber, and spin it in a swinging bucket centrifuge at
1000 rcf for several seconds to bring the RNA–DNA mixtures
in contact with the array. The microarray is incubated at 37 

◦C
for 100 min, washed for 1 min with hybridization buffer, and
dried completely. 

For MS2 RNA, we perform the hybridization and wash
steps according to Agilent’s Microarray-Based Gene Expres-
sion Analysis protocol, with minor modifications. We add
40 μl of the RNA–DNA mixtures to a SurePrint G3 Cus-
tom GE 8x60K Microarray (G4102A) using an Agilent gas-
ket slide (G2534-60014). We assemble the gasket-microarray
sandwich in a Hybridization Chamber (G2534A), and incu-
bate the sample in a rotating oven at 37 

◦C for 120 min. To
wash the microarray, we prepare one container of Gene Ex-
pression Wash Buffer 1 (5188-5325) at room temperature and
one container of Gene Expression Wash Buffer 2 (5188-5326)
at 37 

◦C. On a flat bench top, we disassemble the Hybridiza-
tion Chamber, submerge the gasket and microarray sandwich
in the first bath of Gene Expression Wash Buffer 1, and pry
apart the gasket and microarray slide with forceps. The mi-
croarray is immediately transferred to the second bath con-
taining Wash Buffer 2, washed with magnetic stirring for 5
min, and dried completely. 

Imaging the microarray 

We image the fluorescence of the microarray using an Ag-
ilent SureScan Microarray Scanner with the resolution set
to 2 μm and the bit depth set to 20 (Supplementary data).
The fluorescence integrated over each spot is determined us-
ing Agilent FeatureExtraction Software, using a nonstandard
extraction protocol provided by the Agilent development team
upon request (Supplementary data). We also determined in-
tegrated fluorescence for each spot using our own image
analysis protocol written in MATLAB (Supplementary data).
The prevalences inferred with these different feature extrac-
tion protocols are in agreement, as shown in Supplementary 
Fig. S27 . 

Compiling 1D and 2D binding spectra 

We compile 1D and 2D binding spectra by averaging the in-
tegrated fluorescence over all spots corresponding to a given
probe. For the 1D binding spectra (Fig. 1 E and Supplementary 
Fig. S9 ), we average over spots from four sections of the mi-
croarray containing replicate samples of unpatched RNA. For
the 2D binding spectra (Fig. 1 F and Supplementary Fig. S9 ),
each patch is added to its own section and we average over
spots from that section only. 
Inferring the coupling signals and prevelances 

A detailed account of the inference procedure is described 

in Supplementary data. Graphical depictions of the Bayesian 

models for inferring the signals and prevalences are shown 

in Supplementary Figs S10 and S11 . Detailed results of 
the Markov chain Monte Carlo (MCMC) approach to in- 
fer the signals are shown in Supplementary Figs S12 –S15 

and in Supplementary Tables S4 –S9 . Detailed results of the 
MCMC approach to infer the prevalences are shown in 

Supplementary Figs S16 and S17 and in Supplementary 
Tables S10 –S12 . A comparison of inference results from two 

replicate experiments on the same RNA sequences is shown 

in Supplementary Fig. S18 . 

RNA–patch hybridization without heating 

As a control experiment, we perform RNA–patch hybridiza- 
tion without heating and cooling by mixing 10-fold higher 
concentrations of RNA and patch (100 nM each) in hybridiza- 
tion buffer and incubating at 37 

◦C for 1 h. Prior to patch hy- 
bridization, the RNA sample is heated and cooled by itself 
to break up aggregates and reproduce the thermal refolding 
process. Following patch hybridization but prior to adding 
the samples to the microarray, we dilute the concentration 

of RNA (and patch) back to 10 nM. This no-heat hybridiza- 
tion control gives similar results to the thermal hybridiza- 
tion experiments ( Supplementary Figs S19 –S22 ), suggesting 
that the no-heat protocol can be used to measure the con- 
nectivity of RNA molecules without exposing them to high 

temperatures. 

Measuring patch affinities by gel electrophoresis 

We validate the patch affinities inferred from the microar- 
ray data by comparing them to affinities measured in bulk 

using gel electrophoresis. In contrast to the microarray 
measurements, the bulk measurements are performed using 
DNA patches that are fluorescently labeled and STMV RNA 

molecules that are unlabeled. The 5 

′ -ends of the bulk patches 
are the same as the microarray patches, but the 3 

′ -ends contain 

an additional 6-T spacer sequence terminated by a fluorescein 

dye (3 

′ 6-FAM, Integrated DNA Technologies). The 6-T spacer 
is designed to reduce nucleobase quenching of the fluorescence 
signal that can occur when the fluorescently labeled patch 

binds to the RNA. To perform the bulk binding measurements,
we mix together 300 nM of STMV RNA with 300 nM of flu- 
orescently labeled patch in hybridization buffer. In one exper- 
iment, we heat the sample to 90 

◦C, cool the sample to 4 

◦C at 
a rate of −1 

◦C / s, and then incubate the sample for 100 min at
room temperature. This protocol corresponds to our nor- 
mal patch–probe microarray experiment. In another experi- 
ment, we heat and cool the RNA molecules before adding the 
patches, and then incubate the mixture of RNA and patch for 
100 min at room temperature. This protocol corresponds to 

our no-heat control. Following incubation, we perform native 
1% agarose gel electrophoresis in TAE buffer and image the 
fluorescence of the gel ( Supplementary Fig. S23 ). The slower- 
running fluorescence signal corresponds to bound patch, and 

the faster-running band corresponds to unbound patch. The 
patch affinity is calculated by dividing the bound signal by the 
total (bound plus unbound) signal ( Supplementary Fig. S24 ).
Comparisons of the microarray measurements and the bulk 

measurements, corrected for concentration according to the 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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probes. ( F ) Heatmap of the binding spectrum of patched RNA to 12-nt probes (left). This 2D measurement consists of all the 1D patched RNA spectra 
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rocedure described in Supplementary data, are shown in
upplementary Figs S25 and S26 . 

dentifying dominant couplings 

or each patch, we identify the top 5 probes with the high-
st signal, S ij . We define these patch–probe combinations as
he dominant couplings. We plot each dominant coupling as
 rectangle that spans the patch and probe binding sites. 

esults 

e apply the patch–probe method outlined in Fig. 1 A–C to
he 1058-nt RNA genome of STMV, a long-standing model
ystem that has been studied using chemical probing [ 42 , 44–
6 ], computational modeling [ 47 , 48 ], and direct imaging [ 44 ,
9 ]. We use fluorescently labeled STMV RNA (see the “Ma-
erials and methods” section), a series of 44 24-nt patches (see
he “Materials and methods” section), and a single microar-
ay containing all 12- and 24-nt probes that are complemen-
ary to the RNA (Fig. 1 D and “Materials and methods” sec-
ion). We discuss experiments with 12-nt probes throughout
he main text of this paper, and we include experiments with
4-nt probes as Supplementary data. 

ncreases in probe binding after patching reveal 
ntramolecular connections 

he binding spectrum for unpatched RNA contains many
eaks that, in principle, contain information about its con-
ectivity (Fig. 1 E), but such information is in practice difficult
o extract from these peaks alone. The fundamental problem
is that 1D probing measurements do not directly determine
which regions of the molecule are connected. Furthermore,
any information about connectivity is convolved with vari-
ations in probe binding affinity ( Supplementary Fig. S29 ). 

We resolve this problem by examining how the patches af-
fect the binding, yielding a 2D measurement. The 2D spectrum
has a background of vertical lines that correspond to peaks
in the unpatched spectrum and therefore reflect the affinity
of probes to the unpatched RNA (Fig. 1 E). However, several
patch–probe combinations show features that stand out above
the background of vertical lines (Fig. 1 F). These features cor-
respond to an increase in probe binding, which we expect to
occur if a patch disrupts a connection to a probe site in some
fraction of the RNA molecules. For example, upon addition of
patch 14, we observe an increase in binding for probes 560–
590 (Fig. 1 F, right). We interpret the coupling between patch
14 and probes 560–590 as evidence of a connection in the
RNA involving segments that contain the patch and probe
binding sites. Such couplings contain more direct information
about the connections than the background itself. 

While the peaks in the raw 2D binding spectrum shown
in Fig. 1 F suggest a pattern of connections in the molecule,
this pattern is obscured by the background. We therefore sep-
arate changes in binding from the background. Specifically, for
each patch–probe combination, we define the coupling signal
S ij to be the change in how probe number i binds to RNA
attached to patch number j , relative to how probe i attaches
to unpatched RNA: S ij = I ij / B i − 1, where I ij is an estimate
of the true patch–probe fluorescence and B i is an estimate of
the true background. We use a Bayesian approach to infer the
signal S ij because the approach allows us to quantify the un-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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certainty on the signal using all of the measurements and to
account for experimental effects such as outliers and varia-
tions in RNA amounts across subarrays. The statistical model
and MCMC sampling scheme are detailed in Supplementary
data. 

The resulting signals and uncertainties, shown in Fig. 2 ,
are independent of variations in probe affinity and in RNA
amounts across the microarray (see Supplementary Fig. S12 ),
allowing us to directly compare coupling strengths between
a given patch site and all probe sites. We do not expect
the map of the signals to be perfectly symmetric, for several
reasons. First, there are variations in patch affinity. Second,
the patches tile the RNA sequence end-to-end and need not
align evenly with each connection in the underlying struc-
ture ( Supplementary Fig. S30 ). Third, while thermodynamic
folding models [ 16 ] suggest patch-induced RNA refolding is
unlikely ( Supplementary Fig. S31 ), it is possible that patch
binding triggers large-scale structural changes in the RNA
molecules that extend beyond individual pairwise connec-
tions. Nonetheless, the map shows a roughly symmetric pat-
tern, with credible signals (as determined by the mean of the
marginalized posterior of the signal divided by the standard
deviation) occurring both near to and far from the diagonal.
Signals near the diagonal, scattered from upper left to lower
right, reflect short-range connections. Signals that extend far 
away from the diagonal, such as the long central ridge that 
cuts perpendicular to it, reflect long-range connections. 

Dominant patch–probe signals reveal consensus 

duplexes of STMV RNA 

The signal map (Fig. 2 ) yields a large amount of information 

about the patch–probe couplings and the underlying connec- 
tions. We focus first on the dominant couplings, correspond- 
ing to the probes with the largest signals for each patch (see 
the “Materials and methods” section). The map of dominant 
couplings, shown in Fig. 3 A, shows many of the features that 
stand out in the raw binding spectrum of Fig. 1 E. 

Couplings near the center of Fig. 3 A provide a valuable 
point of comparison between our measurements and previ- 
ous structural studies. Three different SHAPE chemical prob- 
ing studies [ 42 , 44 , 45 ], as well as direct measurements using 
atomic force microscopy [ 44 ] and cryo-electron microscopy 
[ 49 ], suggest that the central region of STMV RNA adopts a 
T-shaped domain containing three long-range connections: a 
90-nt-long hairpin and a 270-nt-long hairpin branching from 

a 50-nt-long central duplex that connects regions over 470 nt 
apart (highlighted by ellipses in Fig. 3 B). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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Although the resolution of our map, set by the patch and
robe size, is coarser than that of a dot plot, our map reveals
ouplings that are consistent with all three long-range con-
ections in the consensus T-shaped domain (Fig. 3 C, left). Vi-
ualizing these couplings on top of a structural model of the
-domain further demonstrates the good agreement between
ur patch–probe measurements and the consensus structure
Fig. 3 C, right). 

ominant patch–probe couplings detect competing 

onnections 

aving validated our results against the consensus structure,
e now examine features outside the central T-shaped region.
ere there is less consensus. Previous chemical probing studies

y Athavale et al. [ 42 ], Archer et al. [ 44 ], and Schroeder et al.
 46 ] show considerable differences in connectivity (Fig. 3 D).
Some of these may be due to differences in the chemical prob-
ing protocol or the source of the RNA, and others might reflect
differences in the folding models used to interpret the data.
Both Athavale et al. and Archer et al. used thermodynamic
folding models, but Archer et al. imposed a cutoff length of
600 nt for base-pair interactions. Schroeder et al. developed
a cotranscriptional folding and assembly model with a short
cutoff of 30 nt. The effects of these cutoffs are made clear by
the dot plots in Fig. 3 D. For example, the dot plot of the struc-
ture from Athavale et al. contains dots far from the diagonal
that represent long-range connections, the longest of which
connects nucleotides 12 and 746 (Fig. 3 D, ellipse 4). These
long-range connections are necessarily absent in the dot plots
of the structures reported by Archer et al. and Schroeder et al.
because they lie beyond the imposed cutoffs. Cutoffs can also
affect the inference of shorter-range pairs by constraining the
folding model. Such indirect effects could explain why mid-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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the modified nucleotides. 
range base pairs in the dot plot from Archer et al. (Fig. 3 D,
ellipse 5) are absent in the dot plot from Athavale et al. 

With the above differences in mind, we compare our map
of dominant couplings (Fig. 3 A, bottom) to the previously re-
ported structures (Fig. 3 D). Outside of the central T-domain,
we observe couplings far from the diagonal that are consistent
with the longest-range connections in the structure reported
by Athavale et al. (ellipse 4; see, for example, features between
nucleotides 1–27 and 721–768 in Fig. 3 A, bottom and be-
tween nucleotides 12–24 and 735–746 in Fig. 3 D). We also
observe slightly off-diagonal couplings consistent with mid-
range connections in the structure reported by Archer et al.
(ellipse 5), and several near-diagonal couplings consistent with
local connections in the structure reported by Schroeder et al.
(ellipses 6 and 7). Each of these connections is found in only
one of the previous structures and not the others. 

Some of these connected regions are unlikely to coexist
within the same structure, suggesting that our measurements
detect the presence of multiple structures within the popula-
tion of RNA molecules. For example, we do not expect the
long-range connected region shown in ellipse 4 to coexist with
the shorter-range connected region shown in ellipse 5 in the
same structure since these regions share a significant number
of nucleotides. Consistent with our expectations, thermody-
namic folding algorithms, such as RNAsubopt from the Vien-
naRNA software package [ 16 ], indicate that structures con-
taining connected regions consistent with either ellipse 4 or el-
lipse 5 are energetically favorable, whereas structures contain-
ing connections consistent with both ellipses are not. Specifi-
cally, within a Boltzman-weighted population of 10 

6 subopti-
mal structures predicted by RNAsubopt, 78% contain a stem
consistent with either ellipse 4 or ellipse 5, but none contain
stems consistent with both ellipses. Moreover, when we con-
strain the folding algorithm to include either stem, none of the
10 

6 suboptimal structures contain the other. These results sug-
gest that the connections measured in ellipses 4 and 5 reflect
multiple structures within the population of RNA molecules.
Furthermore, because these connections have markedly differ-
ent ranges, their corresponding structures could have qualita-
tively different shapes and sizes. 

That long RNA molecules might adopt a distribution of
structures is not unexpected. Equilibrium base-pairing prob-
abilities calculated using thermodynamic folding algorithms
also predict a distribution of structures. Although we do not
claim that our system is in equilibrium, we note that predic-
tions of these algorithms are qualitatively consistent with our
measurements. Specifically, RNAfold from the ViennaRNA
software package [ 16 ] shows that nucleotides in the central
region between 400 and 600 can form both short- and long-
range connections ( Supplementary Fig. S33 ), consistent with
dominant couplings in ellipses 1–3 and ellipses 6 and 7. These
results are also consistent with chemical probing studies by
Larman et al. [ 45 ] that report evidence for competing struc-
tures over the same region of the sequence. 

Normalizing by the patch affinities reveals 

additional RNA connections and their prevalence 

Our analysis thus far has focused only on the dominant
couplings. The signal map (Fig. 2 ) reveals many other less
strong yet credible couplings that reflect additional connec-
tions. But because the coupling signals depend on both the
RNA connectivity and the patch affinity, the signal map does
not distinguish between, for example, couplings that arise be-
cause a large fraction of RNA molecules are connected at the 
patch site and those that arise because a smaller fraction are 
connected, but the patch is more efficient at disrupting those 
connections. To separate these effects and glean information 

about the prevalence of connections, we must account for 
variations in the patch affinities. 

We infer the patch affinities directly from the microarray 
data, and specifically from measurements of probes binding 
to sites that overlap completely with patch sites (these data 
correspond to diagonal elements of the signal map). We use 
a linear model and a Bayesian inference scheme, as detailed 

in Supplementary data. Briefly, we assume that the coupling 
signal is linearly proportional to the patch affinity—the sim- 
plest assumption we can make—and infer a normalized signal 
R ij = S ij / p j , where p j is the patch affinity, or fraction of RNA
molecules that are patched. We then rescale the normalized 

signal as f ij = R ij / (1 + R ij ) to produce values that lie between 

0 and 1. Under a restrictive set of assumptions (see the “Equi- 
librium model for probe binding” section in Supplementary 
data), f ij is the fraction of molecules in the population that 
contain a connection between probe site i and patch site j .
But even when these assumptions are relaxed, we expect f ij 
to scale monotonically (though not necessarily linearly) with 

how frequently the connection appears in the population, be- 
cause the values are corrected for both patch and probe bind- 
ing affinities. For this reason, we call f ij the “prevalence” of 
connection ij . We can compare prevalences among all patch–
probe combinations and even among different experiments. 

The map of f ij in Fig. 4 A reveals many features with high 

prevalence in the population, including some features that 
have not been reported previously. For example, we observe a 
cluster of features with high prevalence far from the diagonal,
which point to long-range connections spanning nearly the en- 
tire RNA sequence ( Supplementary Fig. S34 ). These very long- 
range connections have not been reported in previous studies,
but are predicted by RNAfold [ 16 ] to be present in the popu- 
lation of equilibrium structures ( Supplementary Fig. S33 ). We 
also see isolated long-range features that are not part of a clus- 
ter and might reflect long-range pseudoknots ( Supplementary 
Fig. S34 ). As with the dominant couplings, some features in 

the prevalence map point to competing connections that can- 
not appear in the same structure ( Supplementary Fig. S34 ),
providing further evidence that STMV RNA adopts multiple 
structures, at least under our experimental protocols. 

The method reveals structural changes induced by 

modified nucleotides 

Because the prevalences f ij are corrected for patch and probe 
affinities, we can compare their values across experiments, en- 
abling us to measure changes in RNA connectivity in response 
to changing conditions. To demonstrate this point, we apply 
the method to STMV RNA containing the modified nucleotide 
pseudouridine ( �) in place of normal uridine (U). Pseudouri- 
dine, an important component of natural RNA molecules [ 50 ] 
and synthetic RNA vaccines [ 51 ], forms stronger interactions 
with other nucleotides than uridine does [ 52 ]. These inter- 
actions are known to stabilize short duplexes [ 53 ], but their 
effect on the connectivity of long RNA molecules is not un- 
derstood. By comparing patch–probe experiments on STMV 

RNA molecules with and without �, we aim not only to 

demonstrate that the method can detect changes in connec- 
tivity, but also to measure which connections are affected by 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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Figure 4. Normalized coupling signals provide information about the prevalence of connections in the population of STMV RNA molecules and enable 
comparisons between different experimental conditions. ( A ) The map of normalized coupling signals for STMV RNA, which is corrected for patch and 
probe affinities (see the “Materials and methods” section), provides a measure of the prevalence of connections in the population. ( B ) The map of 
normalized signals for STMV RNA containing pseudouridine ( �) reveals differences in the prevalence of certain connections relative to RNA containing 
normal uridine (U). Specifically, highly pre v alent connections between patch sites at 649–768 nt and probe sites at 1–120 nt in U-containing RNA are less 
pre v alent in �-containing RNA. In contrast, lo w-pre v alence connections between patch sites at 649–768 nt and probe sites at 1–120 nt in U-containing 
RNA show higher prevalence in �-containing RNA. These differences are highlighted by red boxes. Partially complementary sequences in these regions 
suggest specific connections that may be present. See Supplementary Fig. S34 for additional plausible connections and Supplementary Figs S16 
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The prevalence map of �-containing molecules (Fig. 4 B)
hows some features similar to those of unmodified STMV
NA, including the central ridge of the T-domain, but also

hows some differences. In particular, we observe a decrease
n one cluster of long-range couplings (Fig. 4 A), and the ap-
earance of a new cluster of shorter-range couplings (Fig. 4 B).
he long-range couplings (involving regions of the sequence
etween nucleotides 1–100 and 650–750) are consistent with
onnections reported by Athavale et al. (Fig. 3 D, ellipse 4), and
he shorter-range couplings (involving the region between nu-
leotides 670–920) are consistent with connections predicted
y RNAfold [ 16 ] ( Supplementary Fig. S33 ). Thus, the incor-
oration of � appears to shift the connectivity of nucleotides
70–750 away from the longer-range connections toward the
horter-range connections, signifying a qualitative change in
tructure. 

These changes occur in regions of the sequence that are
hought to adopt functional structures. Downstream of nu-
leotide 700, the STMV sequence has high homology to the
NA of its helper virus, tobacco mosaic virus, which is known
to fold into a functional transfer-RNA-like structure [ 54 ]
flanked by multiple short-range pseudoknots [ 55 ]. By detect-
ing changes in the connectivity of this region, our results
suggest structural changes that might affect the functional-
ity of STMV RNA. These results could be used to inform
in vivo studies that directly test the effect of � on the bio-
logical properties of STMV. Similar comparative studies on
�-containing molecules used in RNA vaccines could reveal
structural changes that shed light on their unique biological
properties, such as their enhanced translational capacity and
reduced immunogenicity [ 51 ]. 

Analysis of the minus strand of the STMV genome 

During replication, the STMV genome exists in two forms: a
plus strand (discussed above) and a minus strand (its reverse
complement). The genome enters and exits the host cell as a
plus strand, but inside the cell, the RNA-dependent RNA poly-
merase (RdRp) of the helper virus synthesizes minus-strand
copies that serve as templates for generating additional plus

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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Figure 5. Signal and pre v alence maps of the minus strand of the STMV genome reveal qualitative differences in connectivity compared to the plus 
strand. The signal map for the STMV RNA minus strand is shown on the left, and the prevalence map is shown on the right. These maps lack much of 
the the off-diagonal signal observed with the plus strand, suggesting that the minus strand adopts qualitatively different str uct ures with fe w er 
long-range connections. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

strands [ 56 ]. Although the minus strand is essential for viral
replication and spread, its structure remains uncharacterized.

This gap in knowledge is not unique to STMV—structural
studies of RNA viral genomes have focused primarily on plus
strands, leaving minus strands largely unexplored. Because
plus and minus strands can form identical G–C and A–U base
pairs, one might expect their secondary structures to be sim-
ilar . However , differences in G-U pairings, stacking interac-
tions, and sequence-dependent folding kinetics could lead to
important structural differences. The extent to which plus and
minus strands adopt similar overall folds or diverge in func-
tionally significant ways remains an open question. 

Our method addresses this question by enabling direct com-
parison of plus- and minus-strand connectivity. The signal and
prevalence maps for STMV RNA minus strands (Fig. 5 ) reveal
striking differences from the maps of plus strands (Figs 2 and
4 A). The minus-strand map contains fewer credible couplings
than the plus-strand map (Fig. 5 versus Fig. 2 ), and the minus-
strand couplings occur primarily along the diagonal, reflecting
short-range connections. Notably, the off-diagonal couplings
that define the T-shaped domain in plus strands are absent in
minus strands (Fig. 5 versus Fig. 4 A). 

These structural differences could reflect distinct functional
roles for the plus and minus strands. The central T-shaped do-
main of the plus strand is thought to provide stability against
host cell nucleases [ 42 ] by adopting linear arrays of duplexes
akin to those found in certain viroids [ 57 ]. Such stability
could be critical during the early stages of STMV infection,
in which recently uncoated plus strands must persist until
the helper virus RdRp initiates replication. In contrast, minus
strands are present only during active replication, reducing
the selective pressure for nuclease resistance. The absence of
viroid-like connectivity in minus strands is consistent with this
interpretation. 

Furthermore, X-ray crystallography studies of STMV show
ordered duplexes of RNA bound to the interior capsid sur-
face [ 58 ]. These RNA duplexes are thought to stabilize the
capsid and facilitate genome packaging [ 59 ]. Since only one
of the plus and minus strands must be encapsidated, the virus
need not evolve to package both. Our observation that the mi-
nus strand lacks the patterns of connectivity found in the plus 
strand aligns with this expectation. 

These findings highlight a fundamental but under reported 

property of RNA virus genomes: in addition to encoding the 
structures and biological functionality of the plus strands,
their sequences also determine the structures of the minus 
strands. Importantly, these structures, and their correspond- 
ing functions, need not be similar. Understanding these differ- 
ences may help reveal trade-offs that viruses navigate, such as 
balancing stability , packaging efficiency , and replication dy- 
namics. Addressing these questions requires tools that enable 
direct structural comparisons between plus and minus strands.
Our patch–probe method provides one such tool. 

Summary of results on STMV RNA 

Below we summarize our results on STMV RNA, making di- 
rect comparisons to prior structural studies by Athavale et al.
[ 42 ], Archer et al. [ 44 ], Larman et al. [ 45 ], and Schroeder et al.
[ 46 , 48 ]: 

1. The signal map in Fig. 2 provides a quantitative descrip- 
tion of the RNA connectivity, which reflects the full en- 
semble of structures in solution. In contrast, prior stud- 
ies focused primarily on the most-probable secondary 
structure. 

2. The map of dominant signals in Fig. 3 agrees with the 
consensus T-shaped domain established by prior stud- 
ies, and thus supports the globally folded structures re- 
ported by Athavale et al., Archer et al., and Larman 

et al., and contradicts the purely locally folded structure 
reported by Schroeder et al. 

3. The dominant signals in Fig. 3 also address regions of 
the molecule where there is no consensus. Remarkably,
the map reflects dominant connections that are indi- 
vidually consistent with unique features in each of the 
prior structures, including the structure by Schroeder 
et al. This result suggests that the population of RNA 

molecules adopts a distribution of structures, and that 
prior studies reflect only a fraction of that distribution. 
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4. The prevalence maps in Fig. 4 reveal changes in long-
range connectivity caused by replacing uridine with
pseudouridine in the RNA sequence. These changes
can be visualized directly from the two-dimensional
prevalence data, without reference to any specific struc-
tural model, something not possible with prior one-
dimensional probing data. 

5. The signal and prevalence maps for the minus strand
in Fig. 5 reveal qualitative differences in connectivity
compared to the plus strand, including fewer long-range
connections. 

ddressing longer RNA molecules 

ecause the patch–probe method is two-dimensional and the
umber of coupling-signal measurements increases quadrati-
ally with the RNA length, mapping the connectivity of very
ong RNA sequences can require more microarray spots than
re available on a single array. In principle, multiple arrays
an be combined to map RNA molecules of arbitrary length,
ince the prevelence values f ij can be directly compared across
xperiments. Another approach is to reduce the resolution
f the map by increasing the patch length and the spacing
etween 5 

′ -ends of adjacent probes. Reasonable modifica-
ions to the patch length and probe spacing enable the study
f RNA molecules of lengths up to 10 000 nucleotides us-
ng a single array, as discussed in Supplementary data and
upplementary Fig. S3 . To facilitate the design process, we
ave included a Jupyter Notebook that automatically gener-
tes microarray layouts and patch sequences, given an input
NA sequence and a desired patch length and probe spacing

see Supplementary data). 

alidating specific connections in arbitrarily long 

NA molecules 

ot all studies require comprehensive 2D mapping. For ex-
mple, when partial information about a specific long-range
onnection already exists, be it from folding models or pre-
ious experiments, one may be interested simply in verifying
hether or not that specific connection appears to a signif-

cant extent in the population. In such cases, a scaled-down
ersion of the patch–probe method can be applied: one can
heck whether a putative connection is prevalent by binding
 single patch to one endpoint of a putative connection and
hen measuring the coupling signals at the other potential end-
oints. Because this approach does not involve a full set of
atches, it can be applied to arbitrarily long RNA molecules,
sing only a small fraction of the array. 
We demonstrate this approach by applying it to a well-

tudied long-range connection in the 3569-nt RNA genome
f bacteriophage MS2. Thermodynamic folding models [ 60 ],
utational analysis [ 61 ], and X-ray footprinting measure-
ents [ 62 ] have all suggested a long-range connection, termed

he Min Jou interaction [ 63 ], between regions 1427–1433 and
738–1744 of MS2 RNA. However, recent cryo-electron mi-
roscopy studies of infectious MS2 particles have not directly
esolved this interaction within the packaged RNA genome
 64 , 65 ]. To test whether the Min Jou interaction is present in

S2 RNA transcripts, we apply a single 20-nt patch to nu-
leotides 1427–1446, which corresponds to the 5 

′ -endpoint
f the putative connection (Fig. 6 A), and then measure cou-
ling signals with a complete set of 12-nt probes (Fig. 6 B). We
bserve large signals downstream of the patch site, contained
within the region defined by the Min Jou interaction (Fig. 6 B),
providing strong support for this putative connection in our
in vitro transcripts. 

In addition to the peak centered at nucleotide 1745 that
is consistent with the Min Jou interaction, we observe other
peaks consistent with coexisting connections (Fig. 6 ). The
largest of these peaks arise directly downstream of the patch
site (Fig. 6 B) and likely correspond to short-range connections
that have been disrupted by the portion of the patch that ex-
tends beyond the Min Jou interaction (which we added to en-
sure strong binding between the patch and the RNA) (Fig. 6 A).
In contrast to the multiple peaks observed with STMV RNA
(Figs 3 A and 3 D, ellipses 4 and 5), which reflect connections
that do not coexist within the same structure, the multiple
peaks observed with MS2 likely represent connections that
are nested between the endpoints of the Min Jou interaction:
thermodynamic folding calculations performed using RNA-
subopt [ 16 ] reveal that all of the suboptimal structures con-
taining the Min Jou interaction also contain nested connec-
tions consistent with the structure shown in Fig. 6 A. How a
single patch generates multiple peaks over several hundred nu-
cleotides of the RNA sequence is an open question. One possi-
bility is that the Min Jou interaction stabilizes the connections
nested between its endpoints, such that disrupting the interac-
tion weakens the nested connections and increases their bind-
ing to probes. 

Discussion 

Throughout, we have been careful to distinguish between
connectivity and structure. Two-dimensional methods—
including multidimensional chemical probing, proximity lig-
ation, and the patch–probe method described here—measure
intramolecular connections. If there were only one secondary
structure, then the connections measured by these methods
would determine that structure to within the resolution of the
technique. But if there are variations in secondary structure
within the population of molecules, these methods reveal only
the connections that are present in the population. They do
not reveal how those connections are grouped together into
structures nor how many different structures exist, though
such information could be gleaned through additional model-
ing and assumptions [ 66–68 ]. 

Nonetheless, information about the connectivity of long
RNA molecules can provide important clues about their bi-
ological function. For example, the RNA genomes of certain
viruses form connections that are thought to direct a range
of functions, including the production of viral proteins [ 69 ]
and the replication of new viral RNA strands [ 70 ], and there
is growing evidence that these connections can rearrange in
response to changing conditions [ 71–74 ], possibly triggering
changes in functionality. Quantifying the prevalence of con-
nections is therefore an important step in understanding how
RNA virus genomes orchestrate infections, and could inform
strategies for blocking infections by pathogenic viruses. 

We use the patch–probe method to infer the prevalence of
connections within STMV RNA, a well-established model sys-
tem for RNA structure studies. Plus strands of the STMV
genome have been extensively characterized using chemical
probing, computational modeling, and direct imaging, pro-
viding a robust benchmark for validating our approach. In-
deed, we observe long-range connections consistent with the
consensus T-shaped domain found in previous studies. At the

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf469#supplementary-data
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same time, STMV RNA offers opportunities for new discov-
ery: regions outside of the T-domain remain poorly resolved,
and previous studies have produced conflicting structural in-
terpretations. Our measurements help clarify these discrepan-
cies by revealing that multiple distinct structures can coexist
within the population. Furthermore, we used the method to
detect structural changes induced by nucleotide modifications.
Replacing uridine with pseudouridine alters the prevalence of
specific long-range connections, demonstrating that chemical
modifications can shift the RNA structural ensemble. Finally,
by analyzing the previously uncharacterized minus strands, we
uncover qualitative differences in connectivity that are not ac-
cessible through standard one-dimensional chemical probing.
These results were obtained without reference to folding mod-
els of any kind, highlighting a key advantage of the patch–
probe method. 

Multidimensional chemical probing and proximity liga-
tion techniques, such as mutate-and-map [ 18 ], Pair-MaP [ 23 ],
PARIS [ 27 ], and COMRADES [ 30 ], can also detect competing
connections without folding models, and we therefore con-
sider how the patch–probe method compares to these tech-
niques. Chemical probing and proximity ligation have the ma-
jor advantage that they can address multiple sequences in par-
allel and in vivo , whereas the patch–probe method currently
only works with a single sequence in vitro or, potentially, in
cell extract. Furthermore, the signals measured in a proxim-
ity ligation experiment arise directly from RNA connections,
whereas the signals in chemical probing and patch–probe ex- 
periments reflect perturbations to the RNA connectivity and 

are therefore less direct. However, inferring the prevalence 
of connections from proximity ligation data is not always 
straightforward. In principle, the magnitude of the ligation 

signal should scale with prevalence, but in practice some steps 
of the protocol, including ligation and PCR, can bias the mea- 
sured signals in ways that are difficult to correct for [ 26 , 67 ].
Inferring the prevalence from patch–probe data is simpler: af- 
ter correcting for the patch and probe affinities, the magnitude 
of each coupling peak provides a quantitative measure of the 
prevalence. 

To interpret the prevalence values we assume that each cou- 
pling peak corresponds to a pairwise connection in the RNA 

molecules. While the approximate symmetry of the 2D data 
(Figs. 1 F, 2 , 3 A, and 4 ) suggests that this assumption holds 
for many of the couplings measured in the experiment, there 
are scenarios in which the assumption might not hold, which 

could lead to the identification of spurious connections. For 
example, in regions of the RNA sequence directly flanking the 
patch site (Fig. 6 ), binding of the patch oligonucleotide could 

affect nearby probe binding even if those regions are not di- 
rectly connected to the patch site. Furthermore, patch binding 
could induce nonlocal rearrangements of the RNA connectiv- 
ity, involving cascades of multiple connections. 

These scenarios highlight an important feature of the 
method: DNA oligonucleotides do not merely report on RNA 
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tructure; they can also modify it. The ability to modify and
nteract with the folded structure of an RNA molecule could
nable new ways of measuring collective aspects of its fold-
ng process. Much as how DNA origami uses many staple
ligonucleotides to direct a long DNA molecule to fold into
rescribed structures [ 75 ], it is possible that multiple patches
ould be used to drive a long RNA molecule away from its na-
ive folds in order to address larger regions of the folding land-
cape. For example, we imagine perturbing the RNA molecule
n a way that mimics the unfolding and refolding effects of cel-
ular enzymes during biological processes like transcription. 

Finally, as an alternative to mapping the connectivity of
n RNA molecule across its entire sequence, we show that
he patch–probe method can be scaled down to study specific
airwise connections. This ability to focus on specific connec-
ions sets the method apart from other 2D techniques, offering
 practical and efficient means of validating predicted long-
ange interactions. We believe this focused approach can com-
lement existing structure determination methods, enhancing
ur collective toolkit for exploring RNA structure. 
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https:// doi.org/ 10.7910/ DVN/ 83HMGQ . The code used to
extract fluorescence values, infer coupling signals and preva-
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